Model Inference

Have the courage to follow your heart and intuition.
They somehow already know what you truly want to be-

come. Everything else is secondary.
-Steve Jobs
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import pandas as pd
smsa=pd.read_csv('http://203.247.53.31/Stat_Notes/example_data/SMSA_USA.csv')
smsal['city_nm’,'state_nm’,'tmp_nm’]]=smsa[ city_name'].str.split(’,,expand=True)
smsa.loc[smsa.tmp_nm.isna()==False, 'state_nm’']=smsa.tmp_nm

smsa.drop(columns=['city_name’,'tmp_nm'],inplace=True)

smsa.info()

<class 'pandas.core.frame.DataFrame'>

RangeIndex: 59 entries, 0 to 58
Data columns (total 18 columns):

#

O Ee WN~-O
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dtypes: float64(5), int64(10), object(3)

Column

jan_temp

july temp
humidity
rainfall
mortality_index
education
pop_density
non_white_ratio
white_color_ratio
population
person_houshold
household_income
HCPot

NOxPot

S02Pot

southern

city nm
state_nm

memory usage: 8.4+ KB

Non-Null Count

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null

int64
floaté6d
float64d
inté64
floaté64
floaté6d
inté64
floaté64d
int64
inté64
int64
int64
object
object
object

TAZRT QI 49 012 Aol ENats 210
smsa.isna().sum()
#tof ZRYSHC I
smsa.dropna(inplace=True)

n=59 z4|, @H=187|
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Practice Data [MLB Gi|O|E]

[HTER] 2t TEHS EFXY/ES Mo 2 S OfE| & Z1017t?

EFXl &4 http://www.seanlahman.com/baseball-archive/statistics

Comma Delimited Version:
readme.txt
AllStarFull.csv
Appearances.csv
AwardsManagers.csv
AwardsPlayers.csv
AwardsShareManagers.csv
AwardsSharePlayers.csv
Batting.csv
BattingPost.csv
CollegePlaying.csv
Fielding.csv
FieldingOF.csv
FieldingPost.csv

FieldingOFsplit
HallOfFame.csv
HomeGames.csv
Managers.csv
ManagersHalf.csv
Parks.csv
People.csv
Pitching.csv
PitchingPost.csv
README. txt
Salaries.csv
Schools.csv
SeriesPost.csv A
Teams.csv  FUBLIsK
TeamsFranchises.csv IMERICAN SPOK PUBLISHING CO., '

TeamsHalf.csv e s 4

240 | & FEEE0

SeanLahman.com MR (1871~2018) -> cevE X :TH0|L4 4| TeamsHalf | AllstarFull | Appearances | AwardsManagers | AwardsPlayers | AwardsShareManagers |

MLBCO|ES AwardsSharePlayers | Batting | BattingPost | CollegePlaying | Fielding | FiekdingOF | FielcingOF split | FieidingPost | HallOfFame | HomeGames | Managers | ManagersHalf |
meta_MLB | Parks | People | Pitching | PitchingPost | Salaries | Schools | SeresPost | Teams | TeamsFranchises

I SeanLahman.com AlO|S(2019% 8) : (IOIE| 4% / H4O|EIDB

1 import pandas as pd
2 salary=pd.read_csv('http://203.247.53.31/Big Data/data/MLB1871 2018/Salaries.csv’')
3 salary.head(3)

yearID teamID l1lgID playerID salary
0 1985 ATL NL DbarkeleO1 870000
1 1985 ATL NL bedrost01 550000
2 1985 ATL NL benedbr01 545000
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http://www.seanlahman.com/baseball-archive/statistics
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import seaborn as sns

import matplotlib.pyplot as plt

sns.pairplot(smsa,kind

plt.show()

kind="kde")
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S| ME2 S222te) 271 0]del 8%

import seaborn as sns

import matplotlib.pyplot as plt
smsaO=smsa[['mortality_index’,'person_houshold’,'household_income’,'southern’]]
sns.pairplot(smsa0, hue='southern’); plt.show()
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Source DF AdjSS AdjMS F-Value P-Value
3RS  SHES-5|HS+QAMHSOZ L}  Regression 1 5141 5141 314 010
wICt, Residual Error 9 14742 1638
i

Lack of Fit 4 13594 3398 1480 0.006

Pure Error 5 148 230
O Ai)z ~ (v — _i)z OF
Z st ZZ Wi Total 10 19883

S| LRHAT 14742=ELEMXHS(=rHS) 1148 + HEEHS 139542 F2|= L ARE
|

HFE7M 1y = a + bxes HeotA| &L b =0
CHEI7HE cy =a + bx HBSICEL b £ 0
MSR MSLF "
adSAZ =5141/1638 = 3.14 CHA = 3398/230 = 14.82 AtESICL,
MSRE MSP
0202 Ut 5|7 A ADHE 0|EH4 X BEWHS VS QO/H 02 MYsK| RSITHD BHX|DH X
M Z0{ 4E 2 5tH |lot (RIM) A7t AUCED St}
Analysis of Variance
Source DF SS MS F
Regression 1 SSR=Y_, X0 (5 =¥ Msr = 2R F = MSR
1 MSE
Residual Error n-2 SSE = Y Xis vij — ¥y) MISE = SSE
T T =2
Lack of Fit c-2 SSLF = ¥ ¥ (5 - MSLF = SSLF pe = MSLF
‘ c—2 MSPE
Pure Error n-c¢ SSPE = Z::l Z'(ll(-"u - f’,): MSPE = SSPE
n =«
Total n-1 SSTO = Y, X (v =

EMSPE) = 6, EMSR) = 0 + i Xy (X = X7

Y ni(ui — (Bo + p1Xi)*
* c—2

E(MSLF) = ¢*
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ML= 2860|022 X A (FEA)H0|0{0F YE Xt2 &HE 4~ ULt o|E S04

y =3.2 4 0.2x Lt g0l Y7} &0 0 X7t MHEHOo|2t 0 kAL X7t HRERl AL o £/ 200} of
Lt? 3.2 +0.2* Male = ?

M (0,1)2 5t SX|OF ASHFE 470 WA, B4, Bt sholl CHe HEHTE? HFo 27 %
Ch17H &2 oo| @47t T3ttt 4ol 2 (4, of) 27§0|22 17 Cio|w42 70| FHsSHRILY,
470 7 717 AS4F HEE 3702 HO|7 WRstch Coj1=1, H0|2=0, H0|3=0 (&), HOl1=0,
C{Oj2=1, C{0]3=0 (F4), Ei0]1=0, C{0]2=0, C{0]3=1 (F3), E{0]1=0, C{0]2=0, Ci0]3=0 (BhZ +
H5ie it
¢ SALARY
WAt S(salary) FeF2 O|X|= 25
HEOl A( X, )2 WFHO! CHe EYoiR =4
£ M5t

(X, = 1(yes) ,0(no) )
ISh= bo N bIXI 3 b2X2 o b3(X2X3) =15

gl HAH = b= CHetd SRR X, )ofl et ifx,=0
HHO| 5, by= U EUOR( X, )0l Tt
I.

2} 7|27|2| HE0| BraBiCt by + b

slope is b, + b,

slope is b,

AL IS TOTAL YEARS
= X, = 1t EYXe 32 OF EXPERIENCE
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» Pearson Median &< : PS = (RIS NP S (M2 S4)
O O
o YHEE=0, R2 X2F +, ZE X% : 0l SHH 2XE ZE02 YARE /IS A8e
2= O A[ZA ZhEE 2=
X2 48 = Hd 43
Cl|O|E{e] 227t O|EN FEXE =X HE5H= Meld A8
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(1) Shapiro Wilk W-SH|&

(Z:' 1 @ I(x))z

W=
Lial@ =T J4 g & BAYEG o] 83}o] 7%

Z —{ (—log(y lo&(l_“’n))_“)/"o if4<n<ll
"] (log(l —W,)—u)/o if 12 < n< 2000

(2) Kolmogorov D-E7|2F

o)) =iimax | s ()= cb(x)|

° O(x) FHETEE, Fn(x) CIO[B X228l
(3) Anderson-Darling AD S|

RS nJ(Fn(x) — o) emed —»| dom

Ot 20| MASHI? BEAMXIO| AKX 0|L} Shapiro-Wilks BHH0| Z7FRF EH2 X 0|}

sHete| EX ATUY(ESAZE e dEYEX)0l= HlojE(#H4) 2R 22 = Y2 Z(E R tE
=X)S Jrgeltt

== g, Hl20] &ret AE(XI0| g2 tE= O|Z(Ed=etdel)ol 2lst HI0[H EI'E = 20| 2
G0l E=goar H=H[E9 MET

2E= X0 ZAGIER H|0|F Hete| He Gl
—

o DRICHEI population dist.: HI0|E7} FEE REITO| 22X x ~ f(x), YEXOZ & £~ glol E
Qtt 42 2X 7tYS & 28 220 CHet 2a2rt= REE 22| &Y 7t (24, parame-

teng FE(CrEEE, £8) ot/ &
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ZtEbsE S normal transformation 24
LZ xR : \/x - x!P 5 In(x)-> log(x)
N R
Tukey Ladder of Power x’ = x*
2 X2E 1 =2(x%) < 3(x3)
L2 XA : A = 1/2(/n),1/3(x'3),00nx)) — > — 1/2(—1/y/x), — 1(—1/x), — 2(~1/x?)

A wE HEsrHAM H0|E | e dEsS 2Aloto] 21X2l ) s HE

A 2 Al
MR
SHHLOMO| HStR 0| SHe9| eteftA| ff=0| EEE B4 Mo 2Z= o|sHs 2ot 2= HE-S N
HY YHeto| 2wt
. x*=1)
Box-Cox tranformation x’ = T,x =08 =8 ) e=10

Tukey $&7} SUsHX|2 £/X0] 1 342 MLE

T Hd S0 M = Tukey 2O
ANOVAO|| M= Box-Cox ##0| &gt - r



oo T2 IMETY

o HF7t4 : HO|H= =X S MELY
o LHE7HE « HI0|E = H=XE U2X] =L,

from scipy.stats import shapiro
shapiro(smsa.jan_temp)

ESHZ0= A8 8A =2 |Re[eh=0|C}. (0.9217209815979004, 0.0010030175326392055)

52 Zt
2

SMSA F+d 43

from scipy.stats import shapiro
for k in range(0,15):
if shapiro(smsa.iloc[:,k])[1]<0.05:
print(k,"813’, smsa.columns[k],'Not Normal’)

SMSA 8% H|0|Ef 15712 HH-A
£ m=2X| %= H4 2|AE0|C

LS —
kT,

48 24t

433t Normal Transformation

from scipy import stats
xt, Imbda = stats.boxcox(smsa.jan_temp)

(85]

= GO HAWES 5

59

A1 HetEl O|0]E2F &ITH

SrEx

wN~Oo

W e & wedswweww

T 18 7|22 X

- O

Te2E LEX]

oFL
k:L_E

I

> 0 %% jan_temp Not Normal
2 9% humidity Not Normal
3 YW rainfall Not Normal
6 Y% pop density Not Normal
7 ¥% non_white ratio Not Normal
9 ¥ population Not Normal
10 9% person houshold Not Normal
11 ¥1% household income Not Normal
12 ¥% HCPot Not Normal
13 5 NOxPot Not Normal
14 ¥%| so02Pot Not Normal
1 print(lmbda)
0.07425875013260441
print(xt)
.73417559 3.53058515 3.82569238 4.39918394
.8692799 3.8692799 3.58438789 3.73417559
.03115702 3.78069058 3.91154259 4.42836668
.73417559 3.58438789 3.58438789 4.24360516
.82569238 3.91154259 3.95256155 4.61759172
.93512314 3.35509312 2.72894876 4.24360516
.99241058 3.95256155 3.82569238 4.17627638
.21034036 3.63615398 3.95256155 4.66740279
.24360516 3.78069058 3.58438789 3.68603753
.95256155 3.99241058 3.58438789 3.99241058

(smsa.jan_temp**(lmbda)-1)/lmbda

3.734176
3.530585
3.825692
4.399184
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SHHO| DE HIFT C0JE FHE U XA

[ -

from scipy import stats

from scipy.stats import shapiro

for k in range(0,15):
if shapiro(smsa[smsa.columns[k]])[1]<0.05:
smsa[smsa.columns[k]]=stats.boxcox(smsa[smsa.columns[k]])[O]

[212]) 1 smsa_nor=smsa.set_index(['state_nm',’'city nm'])
2 smsa_nor.head()

[ jan_temp july temp humidity rainfall mortality index education pop_density
state_nm city nm
OH Akron 3.734176 71 43268170 55.674897 921.87 14 10.042724
NY Albany-
Schenectady-  3.530585 72 41903399 53.842582 99787 1.0 10.468087
Troy
PA-NJ Allentown 3.825692 74 39847721 70.629792 962.35 98 10.460501

2093 xﬂae 3 5 Q08120 =2 HENE T EO| ZAEH5ID Hasiol 2 Glo[Efof _
E6 0

Import numpy as np
def rskewed(k):
if (shapiro(np.sart(smsa.iloc[: k]))[1]<0.05) & (shapiro(np.log(smsa.iloc[:,k]))[1]<0.05):
print(No Appropriate Normal Transformation (right skewed)’)
else:
if(shapiro(np.sqgrt(smsa.iloc[:,k]))[1]<shapiro(np.log(smsa.iloc[:,k]))[1]):
print(k,":',smsa.columns[k], ‘2385t : RO|=tE" shapiro(np.log(smsa.iloc[:,k1))[1])
smsa[smsa.columns[k]+str('_log")]=np.log(smsa.iloc[:,k])
else:
print(k,:" smsa.columns[k], "M|l&2EH 2t : S2|=tE" shapiro(np.sqgrt(smsa.iloc[:,k])[1])
smsal[smsa.columns[k]+str(’_sqgrt’)]=np.sqgrt(smsa.iloc[:,k])

A2 x| RE2 o2 M&0| 71 HEett| Motk| = ER0ll= stx| 0t #ICt.

OII

| Iy T

2
=
S227F /U= 49 Hreto| siE =X =Lt



e= X9z 27 oz

for kin[0,6,7,9,11,12,13,14]:
rskewed(k)

[» No Appropriate Normal Transformation(right skewed)

6 : pop density Z2¥E : [OIEE 0.6019314527511597
7 : non_white ratio HZ2HE : |FAEE 0.24234969913959503
9 : population EIWHE : ROIEE 0.38879480957984924

No Appropriate Normal Transformation(right skewed)
No Appropriate Normal Transformation(right skewed)
13 : NoxPot Z2HE : ROIHE 0.45190250873565674

No Appropriate Normal Transformation(right skewed)

&2 MY(OIEEY) EM2 X2 2= E O|0|E smsa_clean E&&ILIC.

smsa_clean=smsa.drop(['pop_density’,'non_white_ratio’,'population’,'NOxPot'],axis=1)
smsa_clean.set_index(['state_nm’,'city_nm'] inplace=True)
smsa_clean.columns

Index(['jan_temp', 'july temp', 'humidity', 'rainfall’', 'mortality index’',
'education’', 'white color ratio', 'person_houshold', 'household income’,
'"HCPot', 'SO02Pot', 'southern', 'city nm', 'state nm', 'pop density log',
‘non_white_ratio _sqrt', 'population_log', 'NOxPot_log'],

dtype='object')

B
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Mz = x5 MYEAM O|0|E{(usa_smsa) A SHE

6 : pop_density 2I¥HE : ROIEE 0.6019314527511597
7 : non_white_ratio HZF32¥E : F2E 0.24234969913959503
9 : population ZI¥E : ROIBE 0.38879480957984924

13 : NOxPot 2% : ROJ&E 0.45190250873565674
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exponential model
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power model

logarithm

reciprocal
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Linear Transformation
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In(y)
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SMEIAT RASICHE(S 147} 7161 CHE H4E HMEoR S7liILt 24t R & Hal
QAFSICHE 2|0| - B4=0| QAL X
oA

Spearman correlation=0.84

Karl Peason =24l .
Pearson correlation=0.67

i COROAIIETE T
V VOV V(YY) 2
- - 1}
. iy (@i —)(yi — 9)
- — - >0
L /e -2 T (- 9)?
-1
- 20L sEHa0 ERHA0IDE M40 HES
AN5t= 2XIE0ICt (x, — X)(y; — )2l =& otz
Bl RN SO I S Al X AR Q= 2.0 S 0 2 ) 6
BEx| 574 HIQfs AL)0M AZHOR Hola 4 X
ol
AN

Spearman =% 2+

o (1) r, = Corr(Ry, Ry) Where Ry= X,2| £2/0|0, R, = ¥,2| 29/0|C

N2
TRy W S TS dizRX_RY
nn?—1) ’ :
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CHE =2l HIO[E M| &Holl U= 2SX|(EFEY U 25X = d2As wE = ul
D2 &A=& AlLthstr| Foj| HEA| LPFEES 5 H|0|E 2] el HO| BIo| 2= X(7} A=K
| o
-

2fOlo10] =M HEXE =2 RV A

Kendall 7 A2

#of_concordant_pairs — #of_disconcordant_pairs

A

nn—1)/2
concordant = 2Ff (x; > x,), (y; > y)OI7AL (x; < x)0IH, (y, < y;)OIH & BEFX|= concordant
dol2t gf
t 20| 25 H0|H =22 LYX|== =O0MX|E2 A2EA 7 =0EICt
o Rold 43
7t

FX| 85T <=> M2 Z&J0|Ct. p =0

0
e
e
X
rr
:|o
Fn

ARIHY ;£ o) FM
THEIZH © E W40] SIM AT QOISHCE p # 0
HolE 2%

L O

CO|E= OHEf ErtE 20f| ZALSHOF BHTt. B n>20 QI tHE=0M = =X 8l

HEES T2 cloled wsipc) stel HEK| E1) 012 S MBI - ENBCE HSlSAL 28 A

O|sf{OF SFLt.

AREA

O o

r A
TS = ~t(n —2), n=E237|, r=MEtH %

41



Z e

olo] Fjt A

Po?é()(ol:!

(2ref) HF7HE0] p

) 1 )
SITES

1
In( i
1810

1
2

)~Normal(

1+r
1—-r

(

1

S S==iln
9

RO

A=

* ROIEE P((n -2) > |TS|)0l RATERC} ZTHH 227}

I.

o FFIHE0] 7|

|.

. 7127140 7|

-0.8

-0.4

0.4

0.8

ard s . ahe
b

ol )

M

. 7.
r ¥

S S

\

L
o Y. )
" S

e

: @{7[m[C|of

£X

)

o —11} 1AF0|2] €XOICE,

42



o 10 7IH T QFo| MBS ARt HA|7E EXYBICE Bt W40 ZH0| ZIHZA)SHH CH2 WA ZHE B}
()t

o —10|| 7I7tRH 29| M At 2AZE EXSICE o H=0| Z40| ZSIHLA)5HH CHE Ha 42 A
(B7h)ett.

o T HpO| A2 2AIVE == A2 & H7F SYsHcomparable) 7JHEE SH = 2[0|T &1
UCHF H7t AR, OB = HES FASIALE 7HMIE 2 /o= AFSEl= CrHEf 2M0M=
SEAL S22 AEA = E A

Rule of Thumb for Interpreting the Size of a Correlation Coefficient

Size of Correlation Interpretation

90 to 1.00 (—.90 to —1.00) | Very high positive (negative) correlation

.70 to .90 (-.70 to —.90) High positive (negative) correlation

.50 t0 .70 (.50 to -.70) Moderate positive (negative) correlation

3010 .50 (—.30 to —.50) Low positive (negative) correlation
.00 to .30 (.00 to —.30) negligible correlation
Che= S| 2MO 2 : Y=a + bX + ¢,

o ZEIHS XTI} YO MEA HFE DIX|=X| AH <=> 7|27| b=0(P &2 0|x|= %3) 724 4%

<=> &2 Rold A¥a =2

. i = PRy S
, SlHAS pol 250t skt ro| B5E SYstD b = : /%r (Sha= Z G
e
SXY i Z(‘xl_x)(yl_y))
3{0| MM L A HA L AbTbH|A 0| "2 q}p 2+ » _ SSR 9)
[ Eoo——' HES= Ll'El'LHE on:”‘l_t oJ|L|'7:| —I———l x”‘léﬂ-" l:—|'- s AT
SST

o & A7t 00 VAL A2 MY o2 27} giCt= ZAO0IX| &= A7} Qi A2 OfL|CE. &

A O XFAJO] 2J8F (7, = 100 + X2 — 0.4X, ) A4AIE! BI0|E{O|Lt AR ool| 7124Ct,
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L}O|M o2t

=M G|O|E Y2t 2t= H|O[E : smsa_clean (I|0|X]| 37)

> Index(['jan_temp', 'july temp', 'humidity', 'rainfall’', 'mortality index’',
'education’', 'white color ratio', 'person_houshold', 'household income’,
'"HCPot', 'SO02Pot', 'southern', 'city nm', 'state nm', 'pop density log’,
‘'non_white_ratio _sqrt', 'population_log', 'NOxPot_log'],
dtype='object')

oA g ALt

smsa_cor=smsa_clean.corr()
smsa_cor.head(3)

jan_temp july temp humidity rainfall mortality index education

jan_temp 1.000000 0.310871 0.089363 0.060369 -0.019908 0.115632
july_temp 0.31087 1.000000 -0.441534 0.476700 0.329009 -0.277496
humidity  0.089363 -0.441534 1.000000 -0.110401 -0.110262 0.195123

SHHL LA 0.4 0|2l Of| SH4 HEHSIRIZ : 10 0| S = st

| My

il

2101

cor_target=abs(smsa_cor['mortality_index']) #Selecting highly correlated features
cor_target[cor_target>0.4].index.values.tolist()

> [('rainfall’, 'mortality index', 'education', 'S02Pot', 'non_white_ratio_sqrt']

usa_smsa_sub=usa_smsa[cor_target[cor_target>0.4].index.values.tolist()]
usa_smsa_sub.columns

> Index(['rainfall’', 'mortality_index', 'education', 'S02Pot’,
‘'non_white_ratio_sqrt'],
dtype='object')
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A4 AFEE | 2|7

import seaborn as sn

import matplotlib.pyplot as plt

plt.rcParams[“figure.figsize"] = (14,8)
sn.heatmap(smsa_cor,annot=True,fmt=".2f" cmap="YIGnBu")
plt.show()

jan_temp
july_temp

humidity

rainfall

mortalty_index - 9.02
education
white_color_ratio
person_houshold - 0.33
household_income
036

HCPot 0.36

SO2Pot - 009 007 012
pop_density_log - 007
non_white_ratio_sqrt
population_log

NOxPot_log

o A >.~ =. = é é . 4
R B NS 1SR R TEl R g O RN R LRt
5 £ z v = 2 3 § - ] - =z g
- = T ° £ = = » S
£ :' & § gl }_.’I a =
: RN e g § &
2 §'
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Ordinay Least Squares

ojn

il

B Pl

| =)

- - =

| = =T

¢ AN I = a5

32 B3

3 EE] a o K

. E=Z1 O Ho

; 5| & i ns

2 e | Foowr

= 5| <t
a - 4

) THr m_i_

» m__m m

W B!

(yuopuadop) £ & ¢ 2

5, N ]

R y K
A, L 04

Sl ~ HX ol e

e SO = o U

K - e} = _HT_ Y 3

s 3 N (sl N

2 Iz M = T

e Ko T = E I

Oy TSl Kr 1

— 0 QT mh Ko = o

SR 1= s

St N i Kool

2l : g o BOR w0

8 Y RV RrOE O

Ple iiad IR

EE . < U 0 <

Y T IT T S ] -

=

46

FX| Bt

| M0l A

2

oo 2 1)

Lo

OO|Ct. 12 of Az At
®)

2 027] 3%

A (=992 &

off Aleelot?



SN
O T O
HHADS _y=X£)+_e (7tS) e ~ N(0, 6°1 fy)
(
Y1 e a Ly X le\
= Vs e e e P D 380 150, X
e
In nx1 "/ nx1 p (p+D)x1 \ 1 Xnl Xp2  --- xnp) LR
[ n Y za Yz .. Txa | Yy,
1
Yra LT X TaZi ... X TaZi
XTX _ Z Lo Z Ti1Ti2 z .’B?.z e E LioTik xTy _ E Li1lYi
| Y za Y raza Y zoza ... xh iy |

RO 7t e ~ N(0,06°1,)0|122 y ~ N(Xb, 6°1,)

min

e ﬂm(_y‘Xl’)’(_y‘Xi?)

Q=G -Xb)(y-Xb) = -bX)y-Xb)=yy-yXb-bXy+bXX
0= Z| A3} 5He 3| AR b2 A= S 0|2 40| 09! BHE BH= 2Tt SYSILL

0 A ) :
a—f = —Xy-Xy+2X'Xb=0=>XXb=Xy=>b=XX)"XY)

MHT
rEl
i
0
o
=
|S>
[l

E(X'X)"'X'y) = (X'X)"'XE(y) = XX)"'XXb=b

FHEL: V(b)) = (X'X)T'XYy) = X' X)X I (X' X)X = 62(X'X)™!

Gauss Marcov Theorem

OLS #8X| b = (X'X)~'(X'y)= BLUE(Best Linear Unbiased Estimator)0|Ct. [EHS & &9 E
Of ~42H
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MLE &3

~ N(Xb,6[)0|22 RE8t+E L(y; X, b,0%) e % RO G [T =

g O —Xb)(y - Xb)E z|&et 5l= OLS FEA|e 2
siCt, J2|7 MLES MVUEO|Z D

H1J
0I+>I
ro
i
oz
ﬂ
o
NEl

Z OLS = MLEO|C}.

12
oot

X2k FEXE

Hetx| fitted value §,

—

S| 2SN OLS =HX|Z chH|et 2&HA! - $ =

SI= 1Too=2
Ho| 1 Bref AA = AV} dEots B AS HSAE (dempodent)O|2t ST 2Hef AV HSIHZO|H,
A" = A(n2 2ECH 2 )71 JEISHC

I,_l'il' residual &!El'ilgl' -El'éilg.l i"Ol =y — j\)i

s Y ey Y A )y

Xt

(5

>

= 2Xe] &=FX|0|cf. e = r

O L— L

stxte] RS 00|CH 22
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OLS F¥x| &

GAUSS-MARKOQV Theorem : 3| #7|==0f| Cigt OLS F8X|= BLUE(Best Linear Unbiased Esti-

= 7

mator)O[Ct. & 2= MY, 2H FHE & E& 24 (minimum variance)E ZA=Lt. X887t X5
N

0|E2 MLE= CSS0|11 EH=HNZf0|E2 2 Rao-Blackwell X2|0f| 2|3 MVUEO|L}.

O

[E8] AZ=Z SYo5r= A0| HH6H OS2 HE2YE S HEEY £+ U0 HEZE 5F

ol
o

b

: A % E
R X(”X(P+1))—((p+1)><1) R I N0, 0°1)

SEH Il p, HIOIE 27| n 2l 2

OLS : miny (€'e) =>b = (X'X)"'(X'y) 1 b = K pp1uny : OLS FHR|E y MEE

Z5ICH OFE] C=0# TS HQl 742 OfLIC} B[ CX = 02U S HS ol

CC'= e X[ H (positive semi-definite matrix)0|22 20| & 4= gleo 2 OLS £HX| 2| =X
240 2H, My F-X| & (A 2410[C (QED)
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Quardratic Form : #E y0{| CHSt0{ Q = y'Ay= O|XFAl0[2} SHCF

y~ MNG)(EH22S HELDY), OIXFIA2 0 = y'Ays A7t

2 y ~ MN(u,01)0IH, B E(Q) = yuy, SEL COV(Q) = AcA’

EHE BE :SST ~ y’(n—1)

SST = y'(I - (1/m)J )y OIAEAO|1L (1 — (1/n)J) At =7t (n-1)0|Ct.

XS e &35k Cochran A2|
SHSO| AR (S| & AFER2 M, B5X| 5tLt tLte SRAN0|D FEHE 24810 s B
ol =HE|IRlen 2 (n- )O|Ef

SSES| AtrE= (n-1-p)OICf. 2ot prie| 247t HFE(R7| W2O0|Ct.

OHEE SSRe| AtFE= SST AR 28 E SSE AHFEE i 4122 po|Ct,

o2 = SSE/(n —p — 1) = MSE
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EAEAE
¥-5(source) S A MS(BeAsd) F-3A
: i 1 S SSR
Regression (%)  SSR=y[H -y p MSR = e P MSR
MSE
_ . SSE :
Error (.Q.Z]’) SSE = y [I-H]Z n—p—l MSE = n_2 ~ ['(I)_ n—p-— 1)
- ' 1 2 SSR
- H = SST =y [I -(—)J - R = —
Total (F ¥-F) vl (n) Iy  n-1 27 A2 ST
F - A
HE7HY - dFE 3|22 [OlotK| 2Lt <=> 3|FA HE p ZE A== 00|Ct
CHEIZHY - 85t 3| 2™ 2 Ralotit. <=> 3| FHAIS #IE b T S5t 3| HH I HO{= SHLt7t
UCE
B2 F-A% 23 AF7HE0] 7|2EH |olst dY M-It st 0|4 QUCh= 0|22 2F &Y
O

L —
H0f| Ciet Ro|d= t-dE S 0|8s10] o £H #IC},

SSR SSE
AKX - R2 = Sistet
AL SST SST

AHE AL R, = 1 TP D
g SST/(n— 1)
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Ilo|M AE (statsmodel ZE 0|8)

HES=¥

smsa_clean.describe() smsa_clean.groupby('southern’).describe()

c jan_temp july temp
count S5000000 SS5000000

mean 34163636 74545455

e 2
std 10418580 472902 Jan_temp
min 12000000 63000000 count mean std
25% 27.000000 72000000

southern

S0% 32000000 74000000
7%  40.000000 77500000 NO 420 30.809524 8.399298
max  67.000000 85000000 YES 13.0 45000000 8990736

import statsmodels.api as sm

y=smsa_clean['mortality_index’]
X=sm.add_constant(smsa_clean.drop(columns=['mortality_index’,'southern’])) #add intercept
fit=sm.OLS(y, X).fit()

print(fit.summary())

NOxPot_l @) outlier test
;:‘:f:::: /% params

nibus: : -
Prob(omn ® predlCt SmOI_SO AE|6c|;|6|-0:| CI):-IS 7E:|J_'-|-E E
Skew: &’ pvalues = Xt olo [ EAH|2F
m=m=emem/ resid (S0 MPE0] =Xl fit. 2

/? resid_pearson = o

Warnings /% rsquared 2ol Xtz HY =L

(1] Stan » rgquared adj
[2] The & gave
strong mﬁ scale

2 ssr
© '@ st
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2845 78.1% = 28 E ZHO| AHYE K== E 20| 2oL US
[(144] 1 print('@8A+=%3.2f(%%)"' % (fit.rsquared*100))
C» B38A$=77.34(%)

OLS Regression Results
Dep. Variable: mortality index R-squared: 0.773
Model: OLS Adj. R-squared: 0.701
Method: Least Squares F-statistic: 10.73
Date: Sat, 18 Apr 2020 Prob (F-statistic): 5.70e-10
Time: 01:28:24 Log-Likelihood: -283.32
No. Observations: 59 AIC: 596.6
Df Residuals: 44 BIC: 627.8
Df Model: 14
Covariance Type: nonrobust

coef std err t P>|t]| [0.025 0.975)
const 1247.4636 334.995 3.724 0.001 572.326 1922.601
jan_temp -1.7404 0.750 -2.322 0.025 -3.251 -0.230
july temp -1.6887 1.952 -0.865 0.392 -5.622 2.244
humidity -0.5929 1.153 -0.514 0.610 -2.917 1.731
rainfall 1.6976 0.558 3.045 0.004 0.574 2.821
education -12.1181 8.494 -1.427 0.161 -29.237 5.001
white_color_ratio -1.7787 1.139 -1.562 0.125 -4.074 0.516
person_houshold -51.4818 40.907 -1.259 0.215 -133.924 30.960
household_income -0.0006 0.001 -0.434 0.667 -0.003 0.002
HCPot -0.1641 0.096 -1.716 0.093 -0.357 0.029
S02Pot 0.0006 0.120 0.005 0.996 -0.241 0.242
pop_density log 5.8923 16.400 0.359 0.721 -27.160 38.944
non_white_ratio_sqgrt 32.1485 6.255 5.140 0.000 19.543 44.754
population_log 3.8755 7.546 0.514 0.610 -11.332 19.083
NOxPot_log 21.0724 8.567 2.460 0.018 3.808 38.337
BT 20| MTE X2 S25| BHeCh= 0] 1871 K| EHs 25 2|5t BHS 5t k=
I St A2 OtLICE 2 oMo ROM2 t-BX AP SHZ| 2lsi dY=H Rel=HE0| o)
CHEICE, 19 712(), Z2E(+),... RISICH HlHolH| 8 -FZ2 #E NOxPot_log IS |2

print('&HA$+ : FYS\E\n' ,fit.pvalues)

O !

O 84 : RS

const
jan_temp
july temp
humidity
rainfall
education

white_color_ ratio

0.000555
0.024953
0.391556
0.609747
0.003924
0.160742
0.125447
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print( @eIH==%2f | QRIHAE=%2f | ZH==%.2f%
(fit. mse_model*(X.shape[1]-1),fit. mse_resid*(fit.nobs-X.shape[1]-1),fit. mse_total*(fit.nobs-1)))

> 28¥E=174785.74 | RQAIHE=50043.00 | H¥S=225992.53

=Xl £ o5+t

fit.fittedvalues #MerX|

[» state_nm city nm

OH Akron 948.902228
NY Albany-Schenectady-Troy 921.123077
PA-NJ Allentown 919.265882
GA Atlanta 973.169818

- - - - . - A a2~ A s~

from statsmodels.sandbox.regression.predstd import wls_prediction_std
prstd, iv_|, iv_u=wls_prediction_std(fit) #3=8 2X}, 0|57t Stet, At

Im=LinearRegression() 0|
intercept &2 A5 MUEEE sm ZE0|M add ZH PH2 2Q Qict.

JEL MEE= SHE0| HO At AEoHA| =L

S

from sklearn.linear_model import LinearRegression
Im=LinearRegression()

y=smsa_clean['mortality_index']
X=smsa_clean.drop(columns=['mortality_index’,'southern’])
Im.fit(X,y)

params = np.append(Im.intercept_,Im.coef_) #OLS estimates
fitted=Im.predict(X) #fitted value

r2=Im.score(X,y) #R-square; print(params, r2)

> [1435.9895 -1.6744 -2.0509 -0.4938 1.4035 -12.1316 0.0022
2.2291 -1.9583 0. -55.4049 0.0002 -0.6007 0.8728
-0.0583 -0.2761 18.1517 -3.1259 18.0095] 0.7806036890032
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